The purpose of this investigation was to model the distribution of the fishtail xaté palm (Chamaedorea ernesti-augusti) and to investigate the effectiveness of using geostatistical techniques to map its distribution. The leaves of the Central American xaté palm C. ernesti-augusti are now extensively cut for the floricultural industry; across its range, populations are being over-harvested. In Central America, the Greater Maya Mountains (GMM), Belize are widely believed to be an abundance 'hotspot' for this species. In total, 220 sample sites were systematically located throughout the GMM, based on a fixed distance interval using the accessible track/road network. Species counts and environmental data were collected from each 20 m × 20 m plot. Statistical analyses were carried out using GenStat and Arc-GIS. We used several semivariogram models, within bespoke GenStat procedures, to map the log-transformed xaté abundance data. Validation of models used the official GenStat Kcross-validation procedure. Of the six models investigated in detail, the 'Bounded Linear' model outperformed all others and most effectively represented the spatial distribution of C. ernesti-augusti. Environmental factors were found to have low statistical significance for the distribution of the xaté palm. The predicted map shows that the geographic abundance was dominated by low xaté counts; xaté abundance values for this region appear to have been consistently overestimated in the literature. Our study showed the effectiveness of using local modelling techniques to map xaté abundances and reveal local abundance hotspots. It highlighted areas needing further survey work and the need for collecting more environmental data to improve the prediction of plant distribution in this region using niche and/or co-kriging modelling approaches. Our study suggested that the xaté resource in Belize needs a careful conservation approach.
Introduction
Chamaedorea Willd. represents the most diverse genus of palms in the Americas. They are understorey palms with either clumped or single stems, and their distribution is mainly confined to Central America (Hodel, 1992; Henderson et al., 1995) . Up to 100 Chamaedorea species have been described (Hodel, 1992) , of which 10 have been reported in Belize. Of these species, three have been shown to have some A detailed account of the economic importance of xaté in Belize was provided in Bridgewater et al. (2006) . Historically, fishtail xaté leaf has been mainly extracted by groups of Guatemalan leaf harvesters (xateros) in Guatemala, and it is only during the past ten years that xateros have regularly illegally crossed the uncontrolled western Belizean border on collection trips. Much of the illegal xatero activity has focused on an area known as the Greater Maya Mountains (GMM), notably in the Chiquibul Forest Reserve (CFR). The xateros systematically collect the leaves of the xaté palm within a specific area, exhaust that area (limited leaf harvesting arrests development), then move on to adjacent areas. Once sufficient xaté leaves have been collected, the leaves are transported on foot and horseback across the border into Guatemala, where they are delivered to sorting factories. From here they are rapidly shipped to the USA and Europe for widespread use in the floricultural industry.
The Government of Belize has been aware of illegal harvesting within its territory since the late 1990s. It recognises that xaté extraction from the GMM could be a valuable NTFP export for the country, and believes that there exists the potential to develop a national industry in this region, thereby benefiting Belizeans. As a result, in 2006 the first legal xaté leaf-harvesting concessions were granted to Belizeans in the CFR, with the first exports of leaf from this reserve direct from Belize occurring in early 2007. Defining and mapping the abundance and distribution of xaté is fundamental for the establishment of such an industry, and is critical to effective conservation and sustainable management of this resource.
It is widely recognised that spatial distributions of plants are not homogeneous, due to the complex processes and interactions between multiple environmental factors such as climate, geology, soils, ecological competition, dispersal methods and human activity (Connell, 1971; Hubbell, 1979; Condit et al., 1996; Jenson, 1998; Penn et al., 2003) . Often, species richness and composition are far from random. One of the principal reasons for this heterogeneity is the nature of 'enduring geographical patterns ' (Colinvaux, 1993) , suggesting that attention should be focused on detailed and plausible plant occurrence mapping, in order to increase our understanding of plant spatial distributions.
Methods used for modelling plant distributions have been reviewed by Fortin and Dale (2005) so only a brief review will occur here. At present, most species distribution maps take the form of points, polygons and contour lines, with contours and polygons connecting similar count values across an area. The main problem with this kind of map is that there is no inherent measurement of the quality of the results. Possible outcomes could include too much smoothing of data or unrepresentative local 'hot spots', where outliers can have significant adverse effects on the modelled output. This limitation does not only affect these examples, but also other commonly used interpolation methods based on Inverse Distance Weighting (IDW) (Berry, 1995) and Cluster Analysis (Perry et al., 2002) . No simple method is available to validate the data output from these procedures. In contrast, methods that use local neighbourhood statistics can help to ameliorate this problem via a user-defined moving window; this approach allows both local and regional level spatial variation to be incorporated. But, most importantly, statistical cross-validation of the models' interpolated values can be incorporated to compare the interpolated values with actual data values, and error or reliability variance maps can be produced, allowing one to confidently use the model predictions over zones containing few, if any, actual data values.
To define and understand the abundance and distribution of xaté, a suitable resource map is needed as a basis for developing policies, extraction licences and monitoring of this industry in Belize. This paper discusses the interpolation techniques used to measure the abundance of C. ernesti-augusti, based on semivariance models/kriging, and discusses xaté spatial heterogeneity across the GMM.
Aims and objectives
The broad objective of this study was to sample and model the distribution of the fishtail xaté palm (C. ernesti-augusti) and to investigate the effectiveness of using geostatistical techniques to model its distribution throughout the Greater Maya Mountains (GMM).
The specific aims of the paper are:
(i) To define and show the probable distribution of C. ernestiaugusti; (ii) To show the importance of using localised geostatistical methods to help refine the perceived distribution of the xaté palm; (iii) To show the variance of the predicted xaté distribution map; (iv) To provide a data set for forest management, enabling decisions to be made on commercial exploitation licences.
The study area
The study area is located in a region defined as the Greater Maya Mountains (Penn et al., 2004) , which lies between longitudes 89
• 15W and 88
• 35W and latitudes 17 • 00N and 16
• 30N. The area includes the Chiquibul Forest Reserve (CFR), the Chiquibul National Park (CNP), the Caracol Archaeological Reserve, Mountain Pine Ridge (MPR), the northern part of the Bladen Nature Reserve and the western area of the Cockscomb Reserve (Fig. 1) . The area covers 3291 km 2 , which is approximately 15% of the total mainland area of Belize (21 469 km 2 ). Together with the Petén, the GMM forms one of the largest relatively untouched tropical forest zones in Central America (Penn et al., 2004) . Until the 20th century this region constituted one of the major world resources for valuable hardwood timber species such as mahogany and cedar.
Vegetation type
The vegetation of the GMM was recently reviewed, classified and characterised in detail by Penn et al. (2004) . 
Geology and soils
The GMM is mostly underlain by variable metamorphosed sediments, which have been intruded by granitic stocks (Bateson & Hall, 1977) . Later, limestones were laid down over much of the lower-lying landscape, and these have since weathered. Soils derived from limestone dominate in the west of the region, whereas more acidic substrates generally overlie sedimentary mudstones and shales in the east. Soils of the Maya Mountains have been surveyed in detail (Wright et al., 1959; King et al., 1992; Penn et al., 2004) . These and other authors have concluded that the principal factors influencing soil types in the GMM are the presence of underlying limestone, topographical variation and various anthropogenic factors. Several studies (Furley & Newey, 1979; Penn & Furley, 1999) found that soils present in the upland limestone zones are often very thin (less than 5 cm depth), and that most soils of the GMM are classified as Utisols and Inceptisols (Dubbin et al., 2006) ; they show wide variations in nutrient levels.
Climate
Belize has a subtropical climate with marked wet (July to December) and dry (January to May) seasons. Annual rainfall is variable, but it is on average over four times higher in the south of the country than it is in the north (Meerman & Sabido, 2001; Penn et al., 2003) . Beyond this basic information there is a general lack of climatological data for the GMM. Limited data from Las Cuevas Research Station, within the CFR, suggest that precipitation approximates to 1500 mm per annum in the area around Millionario, the wet season lasting between June and December. However, local knowledge suggests considerable local and annual variation (Penn & Furley, 1999) .
The easterly trade winds have a dominant influence on the climate. The moist trade winds are forced to rise over the Maya Mountains, resulting in high rainfall in the east and south and slightly lower rainfall in the west, where a moderate rain shadow effect is evident. Within this pattern, precipitation is often localised in individual valleys; together with frequent tropical storms and occasional hurricanes, this complicates attempts to generalise the regional climate.
Methods

Data collection
The GMM is extremely difficult to penetrate, much of the area being inaccessible by vehicle. A basic track/road network was constructed by loggers in the 1920s and again in the 1950s, but the tracks have often disappeared due to later forest encroachment. The ruggedness of the terrain means that a significant proportion of the region has no tracks, although a growing network of narrow (illegal) xatero trails has developed. In addition, access problems are compounded by the lack of available water in many areas. To put this into context, the GMM is an area covering 3291 km 2 (Penn et al., 2004) and most of it is scientifically unexplored and unreachable except in the height of the dry season; a three/four day walk is needed to reach the remotest spots, even for a highly experienced field team. These factors constrained the sampling strategy used for this project.
The main premise of our sampling strategy was to maximise the geographic spread of data gathered, within the time constraints of the project. We used a systematic sampling method in which 220 sites were measured during 2003/2004. Most of the sites were located at a predetermined distance (1500 m) from the previous plot site, using logging tracks and xatero trails as the primary means of initial access to the target area. Once close to the target area, transect lines were used to reach the final destination ( Fig. 3b) . At the predetermined location on the transect, the team demarcated a plot at a distance of at least 50 m from the track, by cutting a line into the forest in either a leftward or rightward direction perpendicular to the transect line. The direction was determined randomly, in order to reduce subjective biases in the choice of local site location. This bi-directional approach specifically enabled the team to reduce any human preferences for specific locations and to optimise the effective sample. At each site a 20 m × 20 m plot was demarcated, based on the cardinal bearing and a measuring tape. Once the data for a plot site had been collected, the team would move 1500 m along the transect and then locate the next plot 50 m into the forest until conditions precluded further investigation; the team then back-tracked to a new starting point.
In each plot all fishtail plants greater than 20 cm tall were identified, located and counted. Data for each plant included leaf number, height, number of harvested leaves and number of commercial leaves. For a more detailed review see Bridgewater et al. (2006) . At each plot, we measured altitude (m) and location in Universal Transmercator Meters (UTMs; NAD 1927) with a GPS; slope with a clinometer, recorded in four categories (flat, 0
• ; gentle, 1-10 • ; medium, 11-35
• ; and steep, >35
• ). In addition, three measures of habitat were scored: canopy structure (open, closed, disturbed), undergrowth density (sparse, medium, dense) and rockiness (no rocks exposed, few rocks, many rocks). Broad geology and vegetation classes were derived from Penn et al. (2004) and FAO soil/geology classification (1999).
Data were input into a database and then imported into ArcGIS 9.2, where their locations were displayed based on the UTM coordinate information. This revealed the geographical spread of the data and allowed the vegetation class for each plot to be determined, based on the classification of Penn et al. (2004) .
Modelling (kriging)
There is an increasing awareness in ecological science that data collected in close proximity are more likely to be similar in values than data collected further apart (Cressie, 1991; Goovaerts, 1997; Burrough & McDonnell, 1998; Nekola & White, 1999) . A number of different statistical methods have been developed to take this phenomenon into account, notably the use of spatial autocorrelation and similarity functions. In this case, we used a geostatistical method (kriging), based on the semivariogram to model the relationship among counts allowing for inter-sample distance (lag). The semivariogram defines the degree of similarity between data points and models it statistically, so that in general greater spatial distance between points leads to a greater degree of dissimilarity in values. Beyond a certain distance (range), the influence exercised by data points on each other becomes negligible; data points should not influence the modelled surface beyond the range distance. Originally developed by D. G. Krige, kriging represents the Best Linear Unbiased Estimate (BLUE), of the data variable at any given point, using interpolation weights to optimise the interpolation (e.g. weighting values closer to the point higher than those at a greater distance).
Detailed reviews of such techniques were provided by Oliver (1990, 2001) , Goovaerts (1997) and Fortin and Dale (2005) . Fortin and Dale (2005) specifically discussed spatial analysis of ecological data and emphasised the intrinsic assumptions used in such interpolation methods.
Data-handling procedures
Statistical analysis of the data was performed using GenStat v9 and ArcGIS v9.1. The calculation of the semivariance/interpolation and cross-validation statistics was performed in GenStat (MYFvariogram and MYMvariogram, closely related to the official GenStat directive Fvariogram and procedure MVariogram, and the official directive Krige and procedure Kcross-validation). Seven steps were followed for each model:
(i) The raw xaté data consisted of counts of xaté and so included some zero values, reflecting the absence of xaté from certain plots. It was deemed appropriate to analyse the logged counts, but in order to allow for these zero values and generally to minimise the small bias introduced by logging discrete data, a value of 0.5 was added to all the counts prior to calculating logs; (ii) The data were checked for anomalies using routine statistical methods to determine mean, median, range and skewness; (iii) Data were examined for indications of non-normality; (iv) The semivariance was calculated in accordance with regular groupings of distance and, for anisotropic assessment, regular groupings of direction (four directions set at 45
• , 90
• , 135
• and 180
• were used). A variety of models were fitted and assessed both analytically and visually; (v) Log-normal ordinary kriging was used to interpolate data values for unmeasured locations and back transformation of the interpolated data was applied to generate a modelled surface; (vi) The models were validated using cross-validation statistics, contour maps, data overlay and kriging variance maps, in order to identify the most effective model; (vii) Finally, xaté distribution maps were created in order to support a management plan and licence concessions.
We initially used the ArcGIS Geostatistical Analysis trend analysis tool, which found no evidence for a regional trend in the data. In addition, Spearman's correlation tests were conducted to investigate relationships between the environmental data and logged xaté abundance data collected across the plots, in order to quantify if a co-kriging approach might be advantageous.
The degree of spatial variability of the xaté data was determined using geostatistical methods based on the semivariogram (McBratney & Pringle, 1999; Webster & Oliver, 2001) . The semivariogram represents the spatial variability between neighbouring data and allows the most appropriate empirical model to be fitted. The general semivariogram equation (Goovaerts, 1997 ) is as follows:
where h is mean lag length in an interval, Z(x i ) is the measured sample value (i.e. for present purposes, the log-transformed count, Log e (xaté Count +0.5)) at point x i , and N(h) is the number of paired samples (x i , y i ) separated by a distance in the specified interval. The estimated function γ (h) is termed the semivariance.
The nugget is the limiting value of the function as two points become very close. For finite range models the function reaches an asymptotic value at a finite distance called the range; whereas for infinite range models the function continues to change (usually strictly increasing) indefinitely. The asymptotic value is called the sill, for finite range models the range marks the boundary of spatial dependence and is important in analysing spatial variation; it can serve as a reference for ascertaining the distance of sampling needed (Issaks & Srivastava, 1989; Rossi et al., 1992) .
For finite semivariogram models, where c 0 is the nugget, a is the range and (c 0 + c) is the sill:
For infinite semivariogram models, where c 0 is the nugget, a is a scaling distance parameter and (c 0 + c) is the sill:
Cross-validation
In order to test the effectiveness of the modelling, we undertook cross-validation using a GenStat procedure KCROSSVALID-ATION, which runs under the principle of leave-one-out crossvalidation. Each data point in turn was excluded from the whole set of data calculations and its value was then predicted using the remaining values (in this case n-1). The predicted values were then compared to the true values to give a mean error (ME); mean squared error (MSE) and the kriging variances were compared with the MSE to give a Mean Squared Deviation Ratio (MSDR). Models were chosen by examining these statistics and by visual comparisons of the fitted models. Furthermore, we also explored a modified Kcross-validation procedure, which allowed for the exclusion of more than 1 data value at a time, implementing this with a value of k = 5. This procedure added little information and will be discussed in a detailed methodological report (in prep.).
Results
This study covers approximately 329 100 ha (Penn et al., 2004) . There are zones, especially in the West of this region, that lack sample plots. Nevertheless, the 220 sample plots involved in our study represents the most extensive sampling to date. Spearman's correlations with xaté occurrence were all low (Table 1) ; the correlation with altitude was weak (−0.116), likewise vegetation class/geology (derived from FAO, 1999 Soil/Geological classifications) showed no strong correlations (0.443, 0.311). It was expected that xaté occurrence would be more strongly correlated with the presence of limestone derived soils (Hodel, 1992) . The data we collected did not support this assumption. Note that most of the sites were between 400 m and 650 m in altitude and so not completely representative of the GMM altitudinal range (400 m to 1100 m) and that low correlations between environmental data and xaté data could be the result of the measures used, which are aggregated either over the entire plot or regional generalisations. This is likely to flatten out data ranges and mask or reduce any environmental relationships present. Overall, the Spearman's correlation values were considered to be of insufficient significance to justify the extra complexity of a co-kriging analysis, at least in the present context.
Initially, we used classical statistical methods in order to increase our understanding of the structure of the data. The xaté occurrence data at the 220 sites show a considerable range (0-84) in abundances; xaté was absent from 51 plots; and only four plots supported more than 30 plants. Although rumours abound in Belize that there is a high abundance of xaté across the GMM, our data do not support this view. The median value (5) is considerably lower than the mean (9.63; variance = 156.85), suggesting non-normality, which is also supported by a significant positive skewness (2.45) and high kurtosis (8.38) (Webster & Oliver recommended that for geostatistical analysis a skewness value of 1 should not be exceeded). Consequently, a logarithmic transformation of the data was applied; this ensured that the assumption of 'stationarity', that variance should be consistent over different portions of the data, was met (Webster & Oliver, 2001; Hengl et al., 2004) .
Geostatistics
No significant directionality was found within the data, though the number of sample plots (220) was marginally below the 250 data points recommended by Goovaerts (1997) and Webster and Oliver (2001) for investigating anisotropic variation satisfactorily. Therefore, only isotropic semivariograms were calculated and fitted using a modified version of Mvariogram. The six best-fit models are shown in Table 2 , and the calculated semivariance and curve are shown for the 'bounded linear' model in Fig. 2 . Only bounded (monotonically increasing) models fitted the observed semivariogram reasonably well, the upper bound Table 3 Fitted Finite and Infinite model parameters (n = 220 plots).
of the model being termed the sill. The models that we considered included some that had finite ranges beyond which the model takes the sill value and others where the model increased asymptotically to the sill.
Finite range models for semivariogram
The following three finite-range models were estimated; in each case, values for h < a are determined by the equations below:
Infinite-range models for semivariogram
The following three infinite-range models were estimated:
where K 1 is the Bessell function of 2 nd kind. The results (Table 2) show that the best-fit model was the 'Bounded Linear' with the values of ME closest to 0, and MSDR closest to 1, and smallest values MSE and MSR. The nugget/sill ratio is a good indicator of spatial dependence (Matheron, 1963) . Table 3 shows the ratios resulting from the six models. The nugget/sill ratio, a good indicator of spatial dependence (Matheron, 1963) , was between 0.50 and 0.75 for all models (Table 3) , indicating moderate spatial dependence within the data. The range for the xaté data based on the 'Bounded Linear' model (the best fitting model) was 2895 m, implying that spatial dependence is consequential only at distances less than 2.9 km.
Spatial distribution of modelled xaté occurrences
Kriging interpolation maps are particularly valuable when used to estimate the spatial distribution of environmental variables (Webster & Oliver, 1990) . The method used here was based on ordinary kriging with 20 m × 20 m blocks (matching the 20 m × 20 m sampling plots). The Genstat procedure Figure 3a The modelled xaté abundance map for the GMM. The lightest colour indicates a low interpolated abundance level (<2) whereas the darkest colour represents the highest (>12).
produced output that included an isogram of the interpolated xaté data, a map with the xaté data points overlaid and a variance map. Figures 3a and 3b shows the interpolated map of xaté within the GMM, and the modelled xaté variance map, respectively. In general, the predicted occurrences of xaté were less than 4 per plot, with even lower occurrences predominating in the deep south (<2). The central region of the map shows the most dramatic xaté occurrence changes, suggesting both xaté 'cold spots' and 'hot spots'. Overall, this central region has the highest occurrences of xaté distribution, as well as the greatest spread of xaté estimated occurrences (<2 to > 12). High occurrences are also located to the southwest of the central region, but here the spread of occurrences is less and the map variance is at its highest > 0.6 (Fig. 3b) .
The highest interpolated occurrences for xaté (>10) are centered on the following UTM locations: (1) 292500 EW/1855000 NS, near the Blue Hole; (2) 295000 EW/1842500 NS, east of Champas Camada Camp; (3) 284000 EW/1845000 NS, near Grano de Oro; and (4) 270000 EW/1846000 NS. The lowest xaté occurrences (<4) occupy a much larger surface area compared with high-value regions. They are located mainly in the central belt (N/S) and are centred on the following locations: (5) 285000 EW/1840000 NS; (6) 284000 EW/1851000 NS; (7) 278500 EW/1843000.
The interpolated occurrence map shows that there is a gradual increase in xaté from this N/S belt towards the border with Guatemala (across the Vaca Plateau). The map also indicates that most of the GMM supports far fewer xaté plants than was previously supposed (Bridgewater et al., 2006) . Local 'hotspots' are greatly exceeded spatially by the extent of the areas with very few xaté (<4 plants per plot). For example, based on the modelled xaté occurrences, approximately 45% of the study area has 4 or fewer plants and only 16% of the area has substantial amounts of xaté (>10). This is a significant figure, previously highlighted by Bridgewater et al. (2006) . There are certainly pockets of significant abundance but the modelled xaté occurrences do not support the notion of a widespread and abundant resource.
Using the modelled occurrence values as the basis for a mean abundance calculation per hectare, we calculate 192 plants per ha as a realistic mean value for the GMM (Table 4 ). This figure is slightly lower than that given by Bridgewater et al. (2006) (228 + per ha) but much higher than figures cited by Radchowsky et al. (2004) in the Petén region of Guatemala (27 per ha). These differences between the estimates of abundance could partly reflect how the abundance figures were calculated. Here, the abundance figure is based on the model output and the mean value for each map zone (each per plot 20 m × 20 m abundance figure was scaled-up to 1 ha plot Figure 3b The variance (error) map and the spatial location of the 220 xaté plots within the GMM.
by × 25). Table 4 shows the abundance calculations per ha for all map zones (Fig. 3) . Using this modelled data, which incorporates a local data dimension, the calculated abundance figures per ha vary greatly (from less than 50 to over 300). When used in conjunction with the extent of the geographical cover of each map zone, over 45% of the study area has fewer than 100 plants per ha, whereas only 16% of the total area has estimated abundance levels above 250 plants per ha. These results demonstrate the benefits of using local statistics to help calculate abundance figures, as they show that results from other methods can deviate significantly from what is actually there.
The variance map (Fig. 3b) derived from the kriged xaté abundance interpolations shows the level of variance associated with abundance classes. This map can be regarded as an error or reliability map (Webster & Oliver, 1990) . The variance is generally low in the central region of the abundance map (< 0.3). This area includes most of the study area, and is where the majority of sample plots are located. The variance is greatest (> 0.6) to the east and south of this region where the sparsity of the data is also at its greatest. Therefore, the xaté abundance map is most accurate in areas where the variance is < 0.3. For example, high abundances in the southeast of the GMM (> 12 per plot) should be viewed with caution, as this may be an artefact of the modelling process. The area contributed limited plot data as the closest survey plot was > 5 km from this region and is of high elevation with acidic soils (Meerman & Clabaugh, 2007) . Consequently the variance of the map is relatively high. In turn, some low estimates of xaté abundance in the GMM may nonetheless be too high. For example, sample plots in the west of Mountain Pine Ridge were located in broadleaf forest, not in the much more abundant pine savannah. No fishtail has been observed in the pine savannahs (N. C. Garwood, S. G. M. Bridgewater, N. Bol pers. observations); hence, abundance of fishtail within MPR is overall probably lower than that described by the model 
Conclusions
This study is a geostatistical analysis of the spatial heterogeneity of xaté abundances and uses geostatistical techniques that could be applied to mapping other plant distributions and further modified to help map other spatially referenced faunas and floras or spatial environmental variables. The techniques have the flexibility to accept a variety of data sources such as standard grid data (derived from satellite data) or a random sample of data points collected in the field or in a combination. The data can be in the form of presence/absence data, counts or measured data (e.g. tree heights or organic carbon levels) and it can be either point data or a defined area (100×100). Importantly, these techniques could be used with collected field data and geo-referenced herbarium specimens allowing distribution changes over time to be assessed and prediction certainty (variance) error to be known and applied. The xaté distribution map is the first of its kind for this region, and suggests that this method of modelling plant distribution has some merit. The results show that the xaté abundance resource is more limited than is widely believed, leading us to the view that the extraction of this NTFP needs to be controlled, planned and monitored at a national government level, and that careful conservation of xaté resources must be instigated if there is any hope that this resource can be sustainably managed.
The modified GenStat geostatistical methods used here have produced effective results. The limitations of the xaté abundance map lie mainly in the effective spread of the data collection. For example, where data are sparse, the interpolation method is obliged to use a minimum number (seven) of the closest data plots. This means that some plots could lie a considerable distance away from a particular zone and that interpolations could reflect a much larger geographical area than areas where data points are numerous (notably the central regions of the map). Therefore, the map error could be large in such areas. This approach generally either smoothes the data over a large area or produces interpolated values that appear spurious when compared with neighbourhood interpolations. Larger sample numbers with a greater geographical spread should result in a xaté abundance map that is more representative in these remote areas; with the use of altitudinal data, this could be usefully employed in a co-kriging interpolation. This approach will be investigated in later analyses but, specifically, detailed plot data are required to the northeast, northwest and southeast of the GMM. This would do most to improve the quality of the interpolated distribution map within these remote regions but note should be taken that the additional collection of data would have cost and time implications.
Despite the limitations caused by the data spread, this interpolated abundance map is the first xaté map for the GMM, and will help provide a valuable tool for the Government of Belize to assist in making policy decisions on extraction licensing and conservation of a resource that is valuable but substantially more limited than was previously supposed.
